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Featured Application 

This study quantifies condition-wise performance changes and sex-wise error asymmetry in camera-
based gait sex classification using 2D skeletons under everyday perturbations, providing a practical 
reference point for robustness checking with reduced reliance on appearance cues. 

Abstract 

Gait is a repetitive whole-body movement that encodes inter-segmental coordination and 
spatiotemporal patterns and has been used not only for identity recognition but also for inferring 
attributes such as sex. Many vision-based approaches, however, rely on appearance cues, which are 
sensitive to occlusion and clothing variation and may raise privacy concerns; robustness under 
everyday perturbations remains insufficiently quantified. Here, we investigate skeleton-based gait 
sex classification using 2D pose sequences from the PsyMo dataset. We rendered 17 COCO keypoints 
into 50×50 grayscale skeleton images and trained a 3D residual CNN on non-overlapping 15-frame 
clips. Evaluation used a subject-wise, stratified split with balanced sexes, and the same test-subject 
set was shared across four aggregated conditions (A: overall; B: partial occlusion/carrying; C: speed 
changes; D: smartphone use). Accuracy ranged from 0.658 to 0.749, with the lowest performance in 
B. Confusion-matrix–based error decomposition with subject-level bootstrap confidence intervals 
revealed pronounced sex-wise error asymmetry in B and C, driven by reduced male recall and 
increased male-to-female misclassification. In D, a simple arm-swing amplitude index was not 
significantly associated with prediction confidence or misclassification. Grad-CAM quantification 
further suggested that joint-group importance shifts across conditions, indicating condition-
dependent reliance on motion cues. 

Keywords: gait; sex classification; 2D pose estimation; skeleton representation; robustness; occlusion; 
walking speed; smartphone dual-task; Grad-CAM; subgroup error 
 

1. Introduction 

Gait is one of the most frequently repeated whole-body movements in daily life and involves 
inter-segmental coordination and periodic motor patterns. Owing to these characteristics, gait has 
long been used as a biometric signal for personal identification [1], and recent research has expanded 
its scope beyond identity to infer attributes such as age [2], disease status [3], and emotion [4]. 

Among these attributes, sex has been considered useful either as prior information in medical 
settings and security and surveillance environments [5] or as a means to rapidly capture user context 
in human–computer interaction [6] and personalized services [7]. Accordingly, vision-based sex 
classification has been extensively studied; however, many approaches have relied on appearance 
cues such as the face, hair, and clothing [8], making them vulnerable to occlusion, changes in apparel, 
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and variations in camera distance and viewpoint. In addition, face-based analysis can impose privacy 
and ethical burdens [9]. (Hereafter, we use “sex” to denote the binary label provided by the dataset.) 

To address these limitations, gait-based sex classification that leverages motion cues rather than 
appearance cues has been repeatedly proposed. Studies exploiting the dynamical cues of gait have 
reported the feasibility of sex classification in controlled settings [10,11], and joint-based skeleton 
representations are useful because they summarize movement structure without directly revealing 
body shape. For example, studies using sensor-derived joint information from devices such as Kinect 
have reported high classification performance under controlled conditions [12,13]. However, such 
approaches face practical constraints in everyday deployment due to hardware dependency and 
installation requirements. 

Moreover, a substantial portion of prior work has focused on reporting performance in 
laboratory or semi-controlled environments; comparatively fewer studies have systematically 
examined how model performance changes under perturbations that frequently occur in daily life 
and whether such changes relate to weakened motion cues. In particular, smartphone texting 
represents a prototypical dual-task condition that simultaneously demands cognitive, visual, and 
upper-limb tasks, and it has been reported to significantly alter gait speed, spatiotemporal gait 
parameters, and postural control strategies [14,15]. Therefore, analyses that jointly characterize real-
world robustness and the causes of condition-specific performance degradation are important for 
discussing the practical applicability of gait-based sex classification. 

These questions have been difficult to address, largely because large-scale acquisition of joint 
information in everyday environments and validation across diverse conditions have been 
constrained. Recently, however, pose estimation methods that can stably estimate 2D joints in multi-
person scenes using RGB videos alone have become widespread [16], and datasets that include 
representations such as skeletons have been released [17], providing a basis for evaluation and 
interpretation under naturalistic conditions without additional sensors. Nevertheless, studies remain 
scarce that quantitatively explain not only how sex-classification performance varies under everyday 
perturbations but also which subgroups exhibit increased errors across conditions and how 
performance degradation relates to weakened motion cues. 

The main contributions of this study are as follows:  
• We systematically compare skeleton-based sex-classification performance across four walking 

conditions involving realistic perturbations—smartphone use, partial occlusion, and speed 
variations—and quantitatively assess applicability under everyday conditions. 

• We decompose errors based on condition-wise and sex-group–wise precision and recall, 
quantifying under which conditions misclassification increases and in which subgroup. 
Under the smartphone-use condition, we compute changes in upper-limb motion using simple 
kinematic indices and analyze how these changes relate to prediction confidence and increased 
misclassification. 

• Using Grad-CAM–based saliency analysis, we quantify importance at the joint level and across 
gait segments and show how condition-dependent performance variations relate to weakened 
motion cues. 

2. Materials and Methods 

2.1. Dataset and Experimental Conditions 

This study used the PsyMo dataset, which was constructed for analyzing psychological 
characteristics and gait [17]. PsyMo contains seven walking conditions (NM, CL, BG, WSS, WSF, TXT, 
PH) recorded from six camera viewpoints and provides metadata including sex, along with 
silhouette-, skeleton-, and SMPL-based representations for gait data from a total of 312 subjects (199 
male and 113 female). In this study, we used the provided 2D skeleton representation and the sex 
labels, and we restricted the analysis to the 90° side-view data to reduce the influence of appearance 
variations across viewpoints. The 2D skeleton is provided as keypoints for 17 COCO-format joints 
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(Figure 1); from each frame�s keypoints vector, we extracted only the x and y coordinates to construct 
subsequent inputs. The PsyMo data may include multiple recording units (takes) per subject for each 
condition. We generated clips from all valid takes corresponding to the target conditions (A–D), while 
performing the training/evaluation split at the subject level (subject-wise) so that takes or clips from 
the same subject did not simultaneously appear in both the training and test sets. Accordingly, even 
when multiple takes existed per subject, we compared condition-wise performance under a setting 
that mitigates information leakage and performance overestimation due to repeated recordings. 

 

Figure 1. COCO pose format. 

Table 1. Seven walking conditions. 

Abbreviation Meaning Abbreviation Meaning 
NM Normal walking WSF Walking speed fast 
CL Changing clothing TXT Walking while texting 
BG Carry bag PH Talking on the phone 

WSS Walking speed slow   

 

To compare sex-classification accuracy across walking conditions, we reorganized the seven 
PsyMo walking conditions (NM, CL, BG, WSS, WSF, TXT, PH) into four aggregated settings based 
on similar factors, as shown in Table 2. The overall condition (A) included NM, CL, BG, WSS, WSF, 
TXT, and PH; the partial-occlusion condition (B) included NM, CL, and BG; the speed-variation 
condition (C) included NM, WSS, and WSF; and the smartphone-use condition (D) included NM, 
TXT, and PH. 

Table 2. Datasets for the four aggregated conditions. 

Condition Included data 15-frame clips (Train/Test) 

Overall dataset (A) 
NM, CL, BG, WSS, 
WSF, TXT, PH 

9,432 (7,509 / 1,923) 

Partial-occlusion dataset (B) NM, CL, BG 4,045 (3,220 / 825) 
Speed-variation dataset (C) NM, WSS, WSF 4,043 (3,220 / 823) 
Smartphone-use dataset (D) NM, TXT, PH 4,034 (3,213 / 821) 

1 All conditions share the same subject split (Total = 226, Train/Test = 180/46; test: 23 male and 23 female). 2 
Conditions B–D are subsets of A; therefore, clip counts across conditions are not additive. 
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2.2. Skeleton Preprocessing and Input Representation 

2D From each frame�s keypoints vector, we extracted only the x and y coordinates of the 17 joints 
and visualized the skeleton by drawing inter-joint connections according to the COCO joint 
definitions and connectivity rules. During visualization, we computed a scale using the per-frame 
minimum and maximum joint coordinates and normalized the coordinates so that the skeleton was 
centered and aligned to a consistent size within a 50×50 single-channel image. 

Although gait-cycle–based segmentation and phase alignment can facilitate interpretation, they 
require prior detection of gait events such as heel strike. In this study, because the input was limited 
to 2D skeleton-rendered images and we judged the reliability of event detection to be insufficient, we 
constructed inputs as non-overlapping 15-frame clips using up to 45 frames per sequence instead of 
detecting and segmenting gait cycles. Specifically, we generated up to three 15-frame clips per 
sequence—frames (1–15), (16–30), and (31–45)—and defined each clip as one model input. Clips with 
fewer than 15 frames were excluded. The final input tensor had the shape (15, 50, 50, 1), and the 
rendered images were scaled to the range 0–1 during training by dividing pixel values by 255. 

We encoded sex labels as 0 for male and 1 for female for training and inference. To mitigate sex 
imbalance, we randomly removed 86 male subjects (seed = 42), resulting in a balanced cohort of 226 
subjects (113 male and 113 female). We then applied a subject-wise stratified split (80:20) to create 
training and test sets comprising 180 and 46 subjects, respectively (test set: 23 male and 23 female). 
After preprocessing and 15-frame clip construction, the numbers of clips in the training set were 
7,509/3,220/3,220/3,213 for conditions A/B/C/D, and the corresponding numbers in the test set were 
1,923/825/823/821 (Table 2). The four aggregated conditions (A–D) shared the same subject split; 
therefore, differences in sample size across conditions reflect the included walking types and the 
resulting number of valid clips rather than differences in subject composition.  

 
Figure 2. Preprocessing pipeline for constructing model input sequences from 2D joint coordinates. The 
skeleton is rendered from 17 joint coordinates, converted to a 50×50×1 image, and min–max normalization is 
applied. A sequence is then constructed from 15 images, yielding a final input tensor shape of (15, 50, 50, 1). 

2.3. Sex Classification Model and Baseline Evaluation 

2.3.1. Model Architecture 

To classify sex from 15-frame input clips (15×50×50×1) composed of 2D skeleton-rendered 
images, we used a 3D convolutional residual neural network [18,19]. In the initial stage, the network 
extracts low-level spatiotemporal features using a 7×7×7 Conv3D (stride 2)–Batch Normalization 
(BN)–ReLU block and a 3×3×3 MaxPool3D (stride 2). It then comprises four stages in which the 
number of channels increases to 64, 128, 256, and 512, respectively, and each stage contains two 
residual blocks (×2) to learn hierarchical representations. In each residual block, the main path 
consists of Conv3D–BN–ReLU–Conv3D–BN. When a stride change or a mismatch between input and 
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output channels occurs, the skip path applies a 1×1×1 Conv3D (with the same stride) to match 
dimensions; the block then combines the two paths via element-wise addition followed by ReLU. 

At the final stage, the network aggregates features using Global Average Pooling 3D, passes 
them through a fully connected layer (256 units, ReLU), and produces a sigmoid output representing 
the probability of being female (1). The overall architecture is shown in Figure 3. This design enables 
direct learning of gait spatiotemporal patterns, including the temporal dimension, via 3D 
convolutions, improves training stability through residual connections, and reduces the number of 
parameters via Global Average Pooling to mitigate overfitting under limited data. 

 

Figure 3. Overview of the sex-classification model architecture. Given a 15×50×50×1 skeleton clip, the network 
extracts initial features using a 7×7×7 Conv3D and a 3×3×3 MaxPool3D, learns spatiotemporal features through 
3D residual blocks (64→128→256→512), and outputs the sex (female=1) probability via Global Average Pooling 
3D and fully connected layers with a sigmoid output. 

2.3.2. Training Protocol and Evaluation Metric 

We trained the model for 100 epochs with a batch size of 32. We used binary cross-entropy as 
the loss function and Adam as the optimizer. For learning-rate scheduling, we applied 
ReduceLROnPlateau based on the validation loss, with a factor of 0.2, patience of 20, and a minimum 
learning rate of 1e-5. During training, we used 20% of the training data as a validation set constructed 
via a subject-wise stratified split (StratifiedShuffleSplit) within the training-subject set, ensuring that 
clips from the same subject did not simultaneously appear in both the training and validation sets. 

We evaluated performance using accuracy, precision, recall, F1-score, and the confusion matrix. 
We also reported class-wise precision and recall using a classification report. 

2.4. Robustness and Interpretation Analyses 

2.4.1. Error Decomposition by Condition and Sex 

To quantify condition-dependent error patterns, we computed confusion matrices on the test set 
for each condition (A–D) and reported accuracy, precision, recall, and F1-score. To compare sex-
group–specific error bias, we additionally reported class-wise precision and recall for male (0) and 
female (1) under each condition. Defining female (1) as the positive class, we further computed the 
false positive rate (FPR), i.e., the proportion of males misclassified as females, and the false negative 
rate (FNR), i.e., the proportion of females misclassified as males. We obtained predicted labels by 
binarizing the model�s predicted probabilities using a threshold of 0.5. 

We assessed uncertainty in condition-wise performance differences using subject-level 
nonparametric bootstrap resampling (1,000 resamples; 95% percentile confidence intervals) [20]. In 
each resample, we sampled test-set subjects with replacement and included all clips from the selected 
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subjects when computing metrics, thereby estimating confidence intervals that reflect subject-level 
variability. We defined confidence intervals as the 2.5th–97.5th percentiles of the resampled 
distributions and reported 95% confidence intervals for accuracy and sex-group–specific 
precision/recall. 

2.4.2. Kinematic Evidence Under Smartphone Use 

Motivated by prior studies reporting that smartphone texting alters spatiotemporal gait 
parameters and gait strategies [14,15], we computed a simple kinematic index representing arm 
swing from 2D skeleton coordinates under the smartphone-use condition (D) to evaluate how upper-
limb constraints relate to classification performance and prediction confidence. Using bilateral wrist 
and shoulder joints, we computed, for each 15-frame clip, the left–right amplitude range (max–min) 
of the wrists in a shoulder-centered coordinate frame. We normalized this value by the mean 
shoulder width (distance between left and right shoulders) to account for differences in body size 
and scale, and we defined the clip-level arm-swing index as the mean of the left and right wrist 
amplitudes. We defined prediction confidence such that it increases as the predicted probability 
moves farther from 0.5, and we evaluated the association between the arm-swing index and 
confidence using Spearman correlation. We further tested differences in the index between correctly 
and incorrectly classified samples using the Mann–Whitney U test. 

2.4.3. Grad-CAM–Based Importance Quantification 

To quantitatively relate condition-dependent performance variations to changes in motion cues, 
we applied a Grad-CAM–based interpretation method [21]. For each 3D CNN classifier trained under 
conditions (A–D), we computed Grad-CAM using gradients with respect to the Conv3D feature maps 
for the model output and applied ReLU to retain only positive contributions. We then applied clip-
wise min–max normalization to the resulting CAM and upsampled it to the input resolution (50×50) 
to obtain a spatiotemporal saliency map for each 15-frame clip. 

To compute joint-based importance, we mapped each frame�s joint coordinates to the 50×50 
coordinate system using the same procedure as for the input skeleton images and accumulated CAM 
values within a radius r (default: 2 pixels) around each joint. We aggregated joint-wise importance 
into four joint groups (head, upper, trunk, lower; dis-joint4) and normalized by the group sum so 
that the total group importance summed to 1. We summarized joint-group importance by averaging 
within each condition and additionally computed averages by walking type. 

To examine long-range temporal trends in frame importance, we concatenated the frame-wise 
Grad-CAM sums (raw frame mass) from three consecutive 15-frame clips within the same sequence 
in chronological order, thereby constructing a 45-frame importance distribution. Because we did not 
perform event-based phase alignment, we partitioned the 45 frames into three segments (1–15, 16–30, 
31–45), defined them as early/mid/late temporal segments, and compared segment-wise importance 
distributions. 

3. Results 

3.1. Baseline Sex Classification Performance Across Walking Conditions 

Under a stringent evaluation setting with a subject-wise split, the 3D residual network trained 
on 15-frame skeleton clips achieved an accuracy of 0.658–0.749 across the four walking conditions 
(A–D) (Table 3). The numbers of test clips were 1,923 for A, 825 for B, 823 for C, and 821 for D. Overall, 
the highest accuracy was observed under the smartphone-use condition (D; 0.749), whereas the 
lowest performance was observed under the partial-occlusion condition (B; 0.658). 
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Table 3. Baseline performance across walking conditions (test set). 

Condition Accuracy Precision Recall F1 
A 0.743 0.744 0.743 0.742 
B 0.658 0.692 0.658 0.642 
C 0.694 0.710 0.694 0.687 
D 0.749 0.761 0.749 0.746 

3.2. Error Decomposition by Condition and Sex 

To compare error patterns under condition changes, we computed confusion-matrix–based 
metrics for each condition (A–D) and summarized sex-group–specific precision/recall and error rates 
(FPR and FNR). We assessed uncertainty in between-condition differences using subject-level 
nonparametric bootstrap resampling (1,000 resamples) and reported 95% confidence intervals for 
accuracy and sex-group–specific precision/recall. The results are shown in Table 4.  

Table 4. Error decomposition by condition and sex with 95% subject-bootstrap confidence intervals. 

Condition Accuracy 
(CL) 

Precision_F (CL) Recall_F 
(CL) 

Precision_M 
(CL) 

Recall_M 
(CL) 

FPR FNR 

A 0.743 
 (0.684–0.802) 

0.759  
(0.619–0.869) 

0.713 
(0.629–0.796) 

0.728  
(0.587–0.845) 

0.772  
(0.695–0.854) 

0.228 0.287 

B 
0.658  

(0.572–0.743) 
0.612  

(0.452–0.749) 
0.870  

(0.806–0.931) 
0.772  

(0.623–0.895) 
0.445  

(0.340–0.563) 0.555 0.130 

C 
0.694 

(0.611–0.773) 
0.652  

(0.494–0.786) 
0.835  

(0.747–0.919) 
0.769  

(0.620–0.897) 
0.551 

(0.448–0.666) 0.449 0.165 

D 0.749 
(0.682–0.812) 

0.706  
(0.550–0.820) 

0.860  
(0.789–0.923) 

0.817  
(0.695–0.915) 

0.636  
(0.549–0.731) 

0.364 0.140 

 
In condition A, female and male recall values were relatively balanced (0.713 and 0.772, 

respectively). In contrast, conditions B and C showed pronounced sex-wise error asymmetry: female 
recall remained high (0.870 and 0.835), whereas male recall decreased substantially (0.445 and 0.551). 
Accordingly, the false positive rate (FPR) increased to 0.555 in condition B and 0.449 in condition C. 
Under the smartphone-use condition (D), accuracy was 0.749, and male recall improved to 0.636 
compared with B/C; however, FPR remained elevated (0.364) relative to condition A. 

In addition, we visualized condition-wise predicted probability distributions by computing, for 
each subject in the test set, the mean of clip-level predicted probabilities p(Female=1), thereby 
obtaining a subject-level mean probability, and plotting sex-stratified histograms (Figure 4). As 
shown in Figure 4, condition A exhibited a general tendency for the two sex distributions to separate, 
with some overlap near the decision threshold (0.5). In conditions B and C, the male (y=0) distribution 
extended into the region above 0.5, increasing overlap; this pattern is consistent with the increased 
FPR and reduced male recall observed under these conditions (Table 4). 
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Figure 4. Subject-level mean predicted probability distributions by condition and sex. Histograms of subject-
level mean predicted probability p(Female=1) for male (y=0) and female (y=1) subjects across conditions (A–D). 
The dashed line indicates the decision threshold (0.5). 

3.3. Kinematic Evidence Under Smartphone Use 

Among the condition-D test clips (n = 821), 816 clips were included in the kinematic analysis 
after excluding clips with insufficient keypoint data for computing arm_swing. Under the 
smartphone-use condition (D), we evaluated the association between the 2D skeleton–based arm-
swing index (arm_swing) and prediction confidence (confidence; 2|p−0.5|). Across 816 clips, 
Spearman correlation analysis yielded ρ = −0.032 (p = 0.366), indicating no significant monotonic 
association between arm_swing and confidence. Moreover, a Mann–Whitney U test comparing 
arm_swing distributions between misclassified (206 clips) and correctly classified (610 clips) groups 
showed no significant difference (p = 0.933). Descriptive statistics for arm_swing were 1.993 ± 1.276 
(median 1.690) overall, 1.946 ± 1.180 (median 1.663) in the misclassified group, and 2.009 ± 1.308 
(median 1.694) in the correctly classified group. 

3.4. Grad-CAM–Based Importance Distribution Across Conditions 

We compared Grad-CAM–based importance distributions across conditions A–D. The joint-
group (head, upper, trunk, lower) importance ratios are summarized in Table 5. In conditions A and 
D, the head contributed the largest proportion (0.743 and 0.671, respectively), and in condition A, the 
lower-limb group followed with 0.194. Condition C also showed the largest head proportion (0.577), 
while upper (0.145), trunk (0.136), and lower (0.142) were observed at similar levels. In condition B, 
the proportions were highest for lower (0.391), followed by upper (0.276), trunk (0.197), and head 
(0.137). Notably, condition B had a relatively small number of valid clips used to compute the joint-
group distribution (n=18), and thus the interpretation requires caution. 
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Table 5. Joint-group Grad-CAM mass ratios by condition (imp_all). 

Condition n head upper trunk lower 
A 427 0.743 0.041 0.022 0.194 
B 18 0.137 0.276 0.197 0.391 
C 252 0.577 0.145 0.136 0.142 
D 204 0.671 0.101 0.137 0.09 

1 Mean computed over valid clips (rounded to three decimal places). n denotes the number of valid clips used 
to compute the joint-group distribution. 

Figure 5 shows the proportions of the summed Grad-CAM importance over three segments of a 
45-frame timeline (1–15, 16–30, 31–45) for each condition. In condition A, the proportion was largest 
in the 16–30 segment, and conditions B and D also showed relatively higher proportions in the 16–30 
segment. In contrast, condition C exhibited a notably larger proportion in the 31–45 segment 
compared with the other conditions. 

 

Figure 5. Segment-wise Grad-CAM mass ratios over the 45-frame timeline (imp_all). Three consecutive 15-
frame clips were concatenated into a 45-frame timeline and normalized per sequence. The proportions of Grad-
CAM mass within early (1–15), mid (16–30), and late (31–45) segments were compared across conditions. 

4. Discussion 

This study analyzed the robustness of sex classification under gait perturbations that frequently 
occur in everyday environments, using 2D skeleton sequences from the PsyMo dataset. By applying 
a subject-wise stratified split with balanced sexes and configuring the four aggregated conditions (A–
D) to share the same test-subject set, we aimed to evaluate performance under realistic generalization 
settings. The 3D residual CNN classifier achieved moderate accuracy across conditions A–D (0.658–
0.749), with the lowest performance under the partial occlusion/carrying condition (B) and the highest 
under the smartphone-use condition (D). Confusion-matrix–based error decomposition further 
revealed clear condition-dependent and sex-dependent error asymmetry in conditions B and C, 
characterized by reduced male recall and an increased tendency to misclassify males as females. In 
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addition, Grad-CAM–based importance quantification suggested that the joint-group cues used by 
the model can be reallocated depending on the perturbation type, indicating that the classifier�s 
evidential basis is not fixed but may shift across conditions. 

4.1. Why the Largest Performance Degradation Occurred Under Partial Occlusion/Carrying (Condition B) 

To interpret condition-wise performance differences, it is necessary to first examine, in the most 
degraded condition, what specifically weakens the inputs and discriminative cues. In this study, 
condition B showed the lowest accuracy, and error decomposition indicated the strongest sex-wise 
asymmetry. The pronounced degradation and asymmetry in condition B were largely driven by a 
sharp decrease in male recall and an increase in the false positive rate (FPR; misclassifying males as 
females). This pattern is consistent with real-world characteristics of partial occlusion or carrying 
objects, which make it difficult to extract gait cues stably. 

In a skeleton-based pipeline, occlusion/carrying can manifest as (i) missing keypoints or 
coordinate jitter, (ii) reduced temporal consistency across frames, and (iii) changes in arm or upper-
body posture due to task constraints. In particular, occlusion is treated as a central challenge in multi-
person 2D pose estimation; it not only reduces the reliability of joint localization but also induces 
errors in the person–joint association (part association) stage, thereby increasing estimation 
uncertainty [16]. Moreover, quantitative reports have shown that the performance of existing pose-
estimation methods degrades significantly as crowdedness/occlusion becomes more severe, 
supporting that occlusion in crowded scenes translates into measurable performance loss [22]. 

From a modeling perspective, condition B likely weakens spatiotemporal discriminative cues 
that are relatively stable under normal walking. In our Grad-CAM analysis, unlike other conditions 
where head importance was dominant, condition B showed reduced head contribution and a relative 
shift of importance toward the upper/trunk/lower groups (noting that the joint-group average in 
condition B requires caution due to the small number of valid clips). This shift suggests that when 
head/upper-body keypoints become unreliable (e.g., due to occlusion or arm constraints) or when 
those cues are attenuated by perturbations, the network may compensate by relying more on 
comparatively observable lower-limb or trunk cues. Accordingly, improving robustness under 
occlusion may benefit from weighted inputs using keypoint confidence, occlusion-aware 
augmentation, temporal smoothing, or structural changes such as using coordinate- or graph-based 
representations rather than low-resolution skeleton-rendered images (see Section 4.6). 

4.2. Effects of Walking Speed Variations (Condition C): Phase Mismatch and Speed–Sex Confounding 

Whereas occlusion primarily degrades input observability, speed variation constitutes a 
different perturbation that alters motion dynamics and temporal structure even under the same 
observation scheme. Therefore, interpreting condition C requires focusing on whether (i) gait-pattern 
changes and (ii) the temporal alignment strategy jointly influenced performance. Condition C (speed 
variation) showed a moderate decrease in accuracy and, similar to condition B, exhibited error 
asymmetry characterized by reduced male recall and increased male-to-female misclassification. 
Walking speed strongly modulates gait features and affects overall spatiotemporal gait parameters 
and joint kinematics. Prior biomechanics studies have reported that controlling for speed and body 
size can reduce sex differences previously observed in some spatiotemporal parameters, whereas 
certain whole-body joint-kinematic differences may persist even under dimensionless speed 
conditions [23]. 

In this study, it is likely that (i) speed-induced changes in gait strategy interacted with (ii) the 
use of fixed-length 15-frame clips without gait-cycle alignment or phase normalization based on 
events (e.g., heel strike). We omitted cycle alignment because heel-strike event detection was difficult 
to perform reliably using only 2D skeleton-rendered inputs, and event-detection errors could negate 
potential benefits of phase alignment. However, this design choice leaves a limitation whereby 
performance under speed variation may degrade due to phase mismatch; thus, future work should 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 January 2026 doi:10.20944/preprints202601.1568.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1568.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 15 

 

consider lightweight phase normalization based on periodicity estimation or weak alignment that 
does not require explicit event detection. 

Because we did not perform event-based segmentation, the gait phase captured by a 15-frame 
clip may differ across speeds and subjects, which can reduce the correspondence between the learned 
spatiotemporal patterns and the underlying gait cycle. The temporal shift in Grad-CAM importance 
observed in condition C (increased weight on the late segment when concatenating 45 frames) is 
consistent with the possibility that speed changes alter when the model captures the most 
discriminative cues. Future studies should test whether introducing lightweight temporal alignment 
through periodicity estimation or data-driven alignment—without explicit event detection—can 
improve robustness to speed perturbations. 

4.3. Smartphone Dual-Task (Condition D): High Accuracy and Limitations of a Simple Arm-Swing Index 

Condition D represents a prototypical real-world perturbation in which cognitive, visual, and 
upper-limb tasks are simultaneously imposed (dual-task), and prior work has consistently reported 
clear gait-strategy changes under such conditions [24,25]. Interestingly, our study observed the 
highest accuracy in condition D. This pattern requires plausible explanations without 
overinterpretation. Although condition D achieved the highest accuracy among the four conditions, 
it did not fully eliminate elevated FPR or reduced male recall. Multiple studies have reported that 
smartphone use (particularly texting), as a dual-task, alters spatiotemporal gait parameters and 
increases gait variability [24, 25]. Such changes may reshape the feature distribution on which the 
classifier relies. One possible explanation is that, in this dataset/viewpoint, the dual-task constraint 
may have reduced within-condition variability and yielded more constrained movement patterns, 
which could have made sex discrimination easier. 

In addition, the finding that the arm-swing amplitude index (arm_swing) did not explain 
prediction confidence or misclassification does not necessarily imply that upper-limb motion is 
unimportant; rather, the chosen index likely failed to capture the cues used by the model. A max–
min amplitude computed from single-view 2D keypoints cannot represent the full complexity of 3D 
motion, and discriminative upper-limb cues may involve not only amplitude but also phase 
relationships, left–right asymmetry, and trunk–arm coordination. Furthermore, suppressing arm 
swing can affect gait mechanics and energetics, potentially altering the overall gait strategy in ways 
that a simple amplitude index cannot capture [26]. Therefore, future work should re-evaluate 
informative cues under smartphone us[24,25e using frequency-domain features, inter-joint coupling 
metrics, or embedding-based interpretation from skeleton-native models. 

4.4. Meaning and Uncertainty of Sex-Wise Error Asymmetry: The Need for Reliability and Bias Checks 

A key contribution of this study is demonstrating that average accuracy alone is insufficient for 
assessing robustness, as evidenced by clear sex-wise error asymmetry in conditions B and C. If 
perturbations amplify a tendency to misclassify males as females, applications such as HCI 
personalization or user-context inference may accumulate systematic errors that disadvantage a 
specific subgroup even when overall performance appears acceptable. 

Methodologically, we used subject-level nonparametric bootstrap confidence intervals to 
estimate uncertainty while accounting for clustered data, where multiple clips are generated per 
subject [27]. This choice is important because treating clips as independent samples can 
underestimate uncertainty. Bootstrap methods also provide a classical methodological basis for 
uncertainty quantification of complex statistics [20]. Future work should go beyond threshold-based 
(0.5) binarized metrics and examine probability calibration (e.g., reliability diagrams, ECE) and 
condition-wise shifts in probability distributions to evaluate whether a single threshold is 
appropriate across all conditions. 
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4.5. Grad-CAM Interpretation: Reallocation of Joint Cues and Cautions in Interpretation 

When error asymmetry is observed, the next step is to inspect, by condition, what the model 
used as evidence and connect it to plausible causes at a hypothesis level. Grad-CAM, as applied here, 
was proposed as a method that produces class-discriminative localization maps using gradients 
flowing into the final convolutional layer. In our analysis, the Grad-CAM mass ratios showed that 
importance concentrated heavily on the head joint group in conditions A and D, shifted toward the 
lower/upper/trunk groups in condition B, and appeared more distributed in condition C. This pattern 
suggests that (i) the actual gait cues (posture/coordination) may change across perturbations and/or 
(ii) the 50×50 low-resolution skeleton-rendered representation may stabilize certain joint-group 
patterns more than others. Thus, Grad-CAM results should be interpreted not as biomechanical 
causality but as a hypothesis-generating tool indicating which cues the model may have leveraged. 
In particular, because condition B had a small number of valid clips, its estimates may be sensitive to 
sampling variability; therefore, further verification of reproducibility is warranted.  

4.6. Practical Considerations, Limitations, and Future Work 

From a practical standpoint, skeleton-based approaches can preserve movement structure while 
reducing reliance on appearance cues (face/clothing). PsyMo enables reproducible benchmarking by 
releasing relatively anonymized gait representations such as silhouettes, 2D/3D skeletons, and SMPL. 
However, privacy is not binary; because sensitive attribute inference may remain possible even from 
skeletons, additional protection strategies may be required, and anonymization-oriented research has 
been proposed. Therefore, when sex classification is used in user profiling or surveillance contexts, 
contextual review—including application purpose, ethics, and data minimization principles—is 
essential alongside technical performance. 

This study has several limitations: (i) reliance on the dataset�s binary sex labels (which may not 
reflect gender identity), (ii) restriction to a single (side-view) viewpoint without validating multi-
view generalization, (iii) potential increased sensitivity to speed variation due to fixed-length clip 
sampling without phase alignment, and (iv) the correlational nature of Grad-CAM interpretation. 
Future work should consider (1) improving robustness via keypoint confidence and occlusion-aware 
learning, (2) benchmarking coordinate- or graph-based models that reduce rasterization artifacts, (3) 
addressing speed perturbations through lightweight phase alignment without explicit event 
detection, and (4) extending evaluation to multi-view settings and more diverse demographic 
distributions. Moreover, given the sex-wise error asymmetry observed here, future studies should 
routinely report condition-wise subgroup-conditional performance and test whether calibration or 
domain-adaptation strategies can mitigate systematic misclassification patterns. 

5. Conclusions 

In this study, we constructed non-overlapping 15-frame clips from 2D skeleton sequences in the 
PsyMo dataset and performed sex classification using a 3D residual CNN. Using a subject-wise split, 
we compared performance and error patterns across four aggregated walking conditions (A–D) that 
reflect common real-world perturbations. The condition-wise accuracy ranged from 0.658 to 0.749, 
with the lowest performance under partial occlusion/carrying (condition B) and the highest under 
smartphone use. 

Error decomposition revealed pronounced sex-wise error asymmetry in conditions B and C, 
characterized by reduced male recall and an increased tendency to misclassify males as females. In 
contrast, the single arm-swing amplitude index (arm_swing) computed under the smartphone-use 
condition (D) showed no significant association with prediction confidence or misclassification. 
Together, these findings quantify not only average performance changes under perturbations but 
also how group-wise error imbalance can be amplified across conditions. This work provides an 
empirical basis for improving both accuracy and reliability through model and training refinements, 
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thereby supporting more generalizable and trustworthy skeleton-based gait sex classification in 
everyday settings. 

Future work should further examine input-quality factors, including pose-estimation reliability, 
and test whether phase normalization as well as calibration and condition-adaptive learning can 
improve performance stability and mitigate sex-wise error asymmetry under perturbations. 
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